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Abstract: Molecular field quantitative structure activity relationship could be used as complementary computational tools for the

analysis of repellents for mosquito. Analysis of these compounds will help to screen the viable candidates for further hit-to-lead and lead
optimization effort. All carboxamides derivatives molecular descriptors were calculated by CODESSA software and total four
molecular descriptors were selected to build function equations. Heuristic method (HM) and gene expression programming (GEP)
algorithm were used to establish linear and nonlinear models. The R2 of HM in training and testing sets are 0.89 and 0.83, the R 2 of GEP
in training and testing sets are 0.94 and 0.87, respectively. Wiener index, Max valency of a H atom, Max antibonding contribution of a
MO and Min resonance energy for a C-N bond can affect the minimum effective dosages of repellents. Both two models have potent
capability of prediction but the GEP is obviously superior to HM. This study provides a new and effective method for mosquito
repellents design and screening.
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1. Introduction
Mosquitoes are the major vectors for the
transmission of medically important pathogens.
Globally, the mosquito-borne diseases (MBDs), such
as malaria, dengue fever, yellow fever, Zika,
hemorrhagic fevers and lymphatic flariasis, have
caused a signifcant growing proportion of the global
infectious disease[1-2]. There are 700 million people
worldwide infected with MBDs and over one million
deaths. Under the influence of global warming,
globalization, urbanization and new information
technology, the threat of mosquitoes and their
diseases is increasing year by year[3-6]. At present,
chemical insecticides still play a key role in public
health as part of integrated mosquito management
programs for disease control and prevention. N,Ndiethyl-3-methylbenzamide (DEET) is the most
effective widespectrum, long-lasting and waterresistant synthetic repellent to repel mosquitoes.
DEET also does have same defects, such as limited
efficacy against Anopheles albimanus, skin irritation,
potential neurotoxicity and resistance[7-9].
Hence, it is crucial to analyze character of
compounds and design new repellents with hypotoxicity, high-bioactivity and more useful of
extensive mosquitoes. However, we all know,
obtaining a new repellent and experimentally
demonstrating its biological activity and toxicity is a

huge project that requires a lot of time, effort and
money. Fortunately, the advanced artificial
intelligence is a highly available strategy to gain new
structures and predict the security risk. Quantitative
structure-activity relationship (QSAR) has been
proven a successful method for screening novel
structures and predicting various properties of the
synthesized compounds[10-13]. In the two decades,
establishing a bionic mathematics calculation model
has solved the prediction problems of repellents
activity[14-17]. Meanwhile, a major breakthrough in
design a more highly active and lower toxicity of
repellents could be brought forward by this QSAR
model[18-19].
Since the discovery of DEET, many experiments
have focused on finding a superior repellent,
including the evaluation of DEET derivatives and
other structurally similar carboxyl compounds. In
general, the chemical properties of compound will
determine its activities. QSAR research is helpful to
reveal the inevitable mathematical relationship
between properties and activities of compounds[2021]. In this study, we analyzed the forty-four
molecular structures inliterature[20] by QSAR
methods, including heuristic method (HM) and gene
expression programming (GEP). HM could search all
the calculated molecular descriptors and remove the
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(Log(100×MEDs)) as the object of study. The
smaller of the Log(100×MEDs), the compounds are
more active. We used the online random number
generator[23] to get a unique set of random numbers.
By this method the generation of next number has
nothing to do with the former. Finally, 44 compounds
are divided into 34 compounds of training set and 10
compounds of testing set by randomly. The testing
set was used to estimate the prediction capability and
stability of the models which were built by training
set.

insignificant variables to build a multiple linear
regression model. In contrast, GEP could establish
nonlinear models to make a more precise prediction
between the complicated descriptors and the most
biological activities[22].

2. Methods
2.1. Data Set
The structures for 44 carboxamides derivatives
were collected from the literature[20] and are listed
in Table 1. We took the logarithm after magnification
by 100 times of minimum effective dosages

Table 1. Experimental and predicted Log(100×MEDs) of carboxamides derivatives (HM and GEP)
HM
GEP
Exp.
Compound
Structures
Log(100×MEDs) Pred.
Residue
Pred.
Residue
1
O
1.25
1.15
-0.10
1.27
0.02
N
2
O

1.19

1.26

0.07

0.93

-0.26

1.29

1.48

0.19

1.28

1.28

1.02

1.15

0.13

1.33

0.31

1.10

1.12

0.02

1.23

0.13

1.57

1.17

-0.40

1.41

-0.16

1.10

1.05

-0.05

1.30

1.30

1.61

1.26

-0.35

1.34

-0.27

N

3*
O

N

4

O

N

5
N

O

6
N

O

7*

O
N

8

O
N
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O
N

1.46

1.01

-0.45

1.20

1.20

1.67

1.59

-0.08

1.18

-0.49

1.50

0.95

-0.55

1.19

1.19

1.25

1.25

0.00

1.24

-0.01

1.26

1.42

0.16

1.15

-0.11

1.62

1.43

-0.19

1.40

1.40

1.28

1.14

-0.14

1.23

-0.05

1.50

1.27

-0.23

1.33

1.33

1.34

1.28

-0.06

1.32

-0.02

10
N
O

11*

O
N

12

O

N

13
N

O

14*
O

N

15

O
N
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O
N

17

O
N
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1.23

1.81
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1.26

1.36
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1.28

0.02

1.10
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0.58

1.64

0.54

1.42

1.50

0.08

1.53

0.11

1.80

1.56

-0.24

1.82

0.02

1.80

1.57

-0.23

1.75

-0.05

1.24

1.50

0.26

1.37

0.13

1.19

1.22

0.03

1.15

-0.04

1.16

1.97
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1.55
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0.40
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The compounds of the testing set.
The predicted Log(100×MEDs).
b
Residue = Pred.-Exp.
a

the molecular structural formulas were optimized by
the MM+ molecular mechanics force field in the
Hyperchem 7.5 program. In order to get more
accurate optimization, molecular structural formulas
were further optimized with semi-empirical PM3
method and then put in the MOPAC 6.0 software[24].
Finally, the HIN files generated by geometrical
optimization, the MNO files generated by MOPAC
and the MED would be put in CODESSA software to
calculate the molecular descriptors that included five
groups[24-25]:
Constitutional
descriptors,

2.2. Calculation of molecular descriptors
In QSAR model, chemical structures are always
expressed as numerical physical and chemical
parameters (often called molecular descriptors) that
calculated by professional computational chemistry
software. The molecular descriptors are the most
important factors showing the chemical information
and affecting the quality of the QSAR model. All
carboxamides derivatives were built molecular
structural formulas by Chemdraw software. Firstly,
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recombination, to find the best combination in the
form of ETs[30].
After setting encoding scheme, fitness function,
function set (+, -, *, /, etc.), control parameters,
genetic operator and terminal criteria, can run the
GEP software. The genetic operators don’t only
include the selection operator and mutation operator
of genetic algorithm, but also increase the conversion,
insert and restructuring operator. Flow chart of GEP
classification algorithm is shown in Figure 1. This
Process will repeat for a preestablish number of
generations until what a best model has been found.

Geometrical descriptors, Electrostatic descriptors,
Thermodynamic descriptors, and Topological
descriptors.

2.3. HM Linear Model
Heuristic method is a spontaneous linear
regression algorithm provided by CODESSA
software, which could rapidly search for a large
number of molecular descriptors to create the best
linear equation. In this process, the collinearity of
molecular descriptors should be controlled. It is not a
random combination of parameters. All descriptors
are checked to ensure[14,26]: (a) Descriptor should
be available for whole compounds. The variables that
are "0" for most samples will be eliminated. (b) The
values of descriptor are different from each other,
containing more physical and chemical information.
(c) The correlation coefficient of any two descriptors
should not be greater than 0.8. Variables with high
correlation in to the HM model usually exert a
dissatisfied prediction result. We used the coefficient
of determination (R2), square of cross-validate
coefficient regression (RCV2), F test value (F), the
standard deviation (S2) to evaluate the stability of
HM model. In this study, the root-mean-square of
HM can be calculated by followed Eq:

ˆ k
  yk  y
ns

RMS  i 1

Start

Create Chromosomes of Initial

Express Chromosomes

Execute each Program

Evaluate Fitness

2
Yes

ns

Satisfied ?

y k : the predictive value, ŷ k : the experimental

End

No

value, n s : the number of compounds

Keep Best Program

2.4. GEP Nonlinear Model
The Log(100×MEDs) of the carboxamides
derivatives are affected by many complicated factors.
Moreover,
the
quantitative
structure-activity
relationships between them are not always linear, but
also nonlinear. So, it is necessary to dig a more
precise prediction nonlinear model by GEP. GEP as
a novel method of automatic programming is based
on the structure and function of biological gene, and
developed from genetic algorithms and genetic
programming that was primitively invented by
scientist Ferreira of Portuguese in 1999[27-28].
There are mainly two elements of GEP:
chromosomes and expression trees (ETs). The
chromosomes are existed in a multi–genes structural
with head and tail in fixed length. The head gene
includes bothoperational characters and variable
information, while the tail is terminal symbols
only[29]. ETs are used to express the genetic coding
information of the chromosomes. GEP could give a
mathematical function, which is undergone
modification by feat of gene mutation, transposition,

Select Program

Reproduction

Program for New Generation

Figure 1. Flow chart of gene expression algorithm.

3. Results
3.1. Calculation Results of HM
Total 420 descriptors were analyzed for every
compound by the CODESSA program. There
different categories descriptors would be taken as
variables to form HM model, orderly. We found that
while the number of selected variables changes, the
evaluation parameters R2, RCV2, S2 of the HM model
also change subsequently. The trend of 1 to 7
variables is shown in Figure 2. While four variables
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In order to avert the possible multi-collinearity of
different variables scales, table 3 lists the correlation
coefficients between the 4 variables tested by SPSS
20.0. Obviously, there is any correlation coefficient
more than 0.8, and shown that all the descriptors are
strongly orthogonal. So, the HM model has a pretty
statistical
reliability
for
predicting
the
Log(100×MEDs) of carboxamides derivatives. The
linear HM model equation is as follows:
Log(100×MEDs)=1069.8+0.0028672WI-1060.3
MVHA+8.1797 MACMO+5.3292MRCNB
In this model, the values of R2, S2 for training set
are 0.89 and 0.09, for testing set are 0.83 and 0.08,
respectively. Figure 3 is the Scatter Plot of
experimental and predicted Log(100 × MEDs) by
HM.
By analyzing the model molecular descriptors, the
structural factors affecting the Log(100×MEDs)
values of these compounds could be identified. In the
four variables selected by the HM method, WI is a
topological descriptor; MVHA and MACMO are
quantum chemistry descriptors; and MERIN is a
electrostatic descriptor. The absolute value of the
coefficient in the equation presents that the
contribution of the descriptor to Log(100×MEDs) of
the compounds is in the order of MVHA >
MACMO > MRCNB > WI.
Max valency of a H atom (MVAH) describes the
physical and chemical state of Hydrogen. Hydrogen
is a unique atom that only has two points in its
outermost electron shell[32-33]. Due to it has only
one valence electron and needs only one shared
electron to fill its energy levels, so it can bond with
many other elements[34]. Usually, the Hydrogen's
valence number is plus or minus one[35]. MVAH
relates to the strength of intramolecular bonding
interactions and characterize the stability of the
molecules, their conformational flexibility and other
valency–related properties. As its coefficient in the
HM model is negative, with the increasing of the
MVAH, the value of Log(100×MEDs) is gradually
decreased.

2

become to five, the R value increases by less than
0.02[31], or the RCV2 value begins to decrease.
Taking R2, RCV2 into consideration, the 4-variables
model should be deemed to the perfect linear stable
model. The corresponding physicochemical meaning
and statistical variables are in the table 2.

Figure 2. Influence of the number of descriptors
on the R2, R2CV, S2.

Figure 3. Scatter Plot of experimental and
predicted Log(100×MEDs) by HM.

Table 2. Physicochemical meaning and statistical parameters of each descriptor
Symbol
Physical-chemical meaning
Coefficient
T-test
WI

Wiener index

2.8672e-03

13.9018

Max valency of a H atom

-1.0603e+03

-4.5286

MACMO

Max antibonding contribution of a MO

8.1797e+00

4.2816

MRCNB

Min resonance energy for a C-N bond

5.3292e-01

3.5676

MVHA
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Table 3. Correlation coefficient of the 4 descriptors
WI
MVHA
MACMO
MRCNB
WI

1.000

MVHA

0.075

0.041

0.004

1.000

0.105

0.649

1.000

0.091

MACMO
MRCNB

1.000

Fitness  j1

Max antibonding contribution of a MO (MACMO),
a quantum-chemical descriptor, describes the
maximum antibonding contribution of a molecular
orbital, and relates to the strength of intramolecular
bonding interactions and characterize the stability of
the molecules[36-37]. The positive coefficient of
MACMO indicates that increasing the value of
MACMO will lower the Log(100×MEDs) so that the
ability of inhibitors induced apoptosis is enhanced.
To enhance this bioactivity of carboxamides
derivatives, the value of Log(100×MEDs) should be
increased.
Min resonance energy for a C-N bond (MRCNB)
descriptors characterize the total energy of the
molecule in different energy scales and the
intramolecular energy distribution using different
partitioning schemes[38]. It can be of importance in
determining the conformational changes of the
molecule and its spin properties. Usually, the higher
of min resonance energy for a C-N bond, the
compounds are more stable and difficult to react with
the target in mosquito[39]. In HM model, the
positive correlation between MRCNB and
Log(100×MEDs) also confirms this point.
Wiener index (WI) can be expressed in the terms
of the distance matrix. The distance matrix is a
square matrix (NSA × NSA), and the entries dij
(distance of atoms i and j) correspond to the number
of bonds in the shortest path connecting the pair of
atoms i and j, the Wiener index W equals to the halfsum of all distance matrix entries[40-41]:

n

 y  yˆ 
j

j

. y j and yˆ j are the

real and predicted output values for the jth sample
respectively; N: the number of nitrobenzene
compounds. The model can be tested by the testing
set (10 compounds) at any time during the
optimization process which built by the GEP based
on the training set (34 compounds). The parameters
used for per run are presented in Table 4.
Table 4. Parameters for the simple symbolic
regression problem.
Parameter Names

Values

Number of generations

100

Number of fitting cases

200

Function sets

“+, － ,×, ÷, Eep,
Log, Sin”

Gene head size

11

Number of genes

6

Linking function

addition

Generations

without

200

Change
Number of Tries

4

Mutation rate

0.044

1–point

recombination

0.3

2– point recombination

0.3

rate

. The positive coefficient of WI

rate

means that as the value of WI increasing,
the activities of compounds will have a little decline.

Gene recombination rate

0.1

IS transposition rate

0.1

3.2. Calculation Results of GEP

IS elements’ length

0.1

In order to compare the results of HM and GEP,
the four descriptors selected by HM were also
imported in the automatic problem solver (APS)
software as the parameters of GEP to establish a
nonlinear QSAR model[42]. The software APS
allows the easy optimization of intermediate
solutions and the easy testing of the evolved models
against a testing set. This study used the sum of
squared residuals as a fitness function[43]:

RIS transposition rate

0.1

RIS elements’ length

0.1

Gene transposition rate

0.1

Selection range

100

Precision

0.01
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In this run, made a very satisfactory solution in the
187th generation with R2 0.94 and S2 0.05 for
training set and R2 0.87 and S2 0.06 for testing set.
Figure 4 is the scatter Plot of experimental and
predicted Log(100×MEDs) by GEP. Figure 5 and
Figure 6 showed the fitting situation of training set
and testing set. The nonlinear QSAR model by the
GEP is expressed as follows:
Log(100×MEDs) = log10((d[3]+sin(((log10(d[1])d[2])*((d[2]-d[0])*(d[1]+d[3])))))) +
((d[3]/(d[0]+(((d[2]-d[3])*(d[1]+d[3]))exp(d[1]))))+d[1]) +
((sin((((sin(d[3])+d[3])/d[2])+d[2]))/d[0])*d[0]) +
(d[2]*d[1]) +log10(d[0]) +
sin((((log10((d[1]*d[1]))*log10(d[0]))*((d[1]*d[0])+
sin(d[3])))-d[3]))
In the equation, d0, d1, d2 and d3 represent
variables of WI, MVHA, MACMO and MRCNB,
respectively.

12 (2019) 45-56

Figure 6. Fitting curve of experimental and
predicted values of testing set by GEP.

3.3. The GEP Compared with HM
In HM, the R2 and S2 are 0.89 and 0.09 for training
set, 0.83 and 0.08 for testing set. In contrast, the R2
0.94 and S2 0.05 for training set and R2 0.87 and S2
0.06 for testing set in GEP model. It is obvious that
both the HM and GEP methods have commendable
capability of prediction of Log(100×MEDs), but
GEP method is a little better than HM. Because the
HM only can explore the linear model, but GEP can
give a nonlinear model to reveal the relationship
between molecular structure and physiochemical
characters. The GEP exhibits better overall
performance due to some advantages over the other
techniques of converging to the global optimum and
not to a local optimum[44-45]. The inhibition of
carboxamides derivatives is so complex that a simple
linear model cannot meet the needs of the QSAR
analysis. Meanwhile, the nonlinear function of GEP
method might be more complicated and difficult to
understand than HM.

Figure 4. Scatter Plot of experimental and
predicted Log(100×MEDs) by GEP.

4. Conclusion
In this study, a linear HM model and a nonlinear
GEP model were established to predict the
Log(100×MEDs) values of the carboxamides
derivatives. The above results show that GEP is a
pretty promising tool than HM for function
estimation. The satisfied predictive regression results
indicate that GEP is a feasible promising method for
designing new structures and predicting the activity
of mosquito repellents. In the meantime, the QSAR
models could discover some insight key factors
which are related to the biological activity and
provide instruction for further designing of the new
highly active mosquito repellents.
Figure 5. Fitting curve of experimental and
predicted values of training set by GEP.
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